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Abstract 
A novel data-aided error vector magnitude (EVM) estimator for signal-to-noise ratio (SNR) is derived. Previous 
SNR estimators are mainly based on the data symbols or the preamble symbols. However, most existing EVM 
estimators need the factually received symbols modulated and even coded again to recover the symbols in the 
receiver. To improve it, a good new estimator that utilizes Zadoff-Chu sequence as the preamble is recommended and 
adopted in this paper. Its performance is examined and compared with Maximum-Likelihood (ML) estimator by the 
measures of the normalized bias and the normalized mean square error. Numerical results are presented to show the 
visible advantages obtained by using this estimator. 
© 2011 Published by Elsevier Ltd. Selection and/or peer-review under responsibility of Harbin 
Polytechnic University. 
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1. Introduction 
In current wireless communication systems, a good estimator of the signal-to-noise ratio (SNR) is of 
great importance to achieve different goals, such as soft decoding[1], power control [2],or adaptive coding 
and modulation [3].There are many existing SNR estimators which can be mainly divided into two 
categories according to their operational scenarios: data-aided (DA) where the receiver has a priori 
knowledge of the transmitted symbols or transmits training sequences periodically, and non-data-aided 
(NDA) where the receiver does not require such knowledge. 
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In [4], the authors compared the performances of various SNR estimators for digital communications 
channels that have been published in the literature over the last few decades, such as Split-Symbol 
Moments Estimator (SSME) that may only be applied to BPSK-modulated signals in real AWGN, 
Maximum-Likelihood (ML) estimator and Signal-to-Variation Ratio (SVR) estimator which are mainly 
applied to MPSK signals in complex additive white Gaussian noise (AWGN) and almost inapplicable to 
MQAM signals. 
Because MPSK signals are of constant modulus while MQAM signals are not, there are only several 
existing estimators that can be reliably applied to both MPSK and MQAM signals. What’s more, error 
vector magnitude (EVM) estimator is among those rare few estimators. 
In fact, EVM estimator is already part of most wireless communications standards such as the 
IEEE802.11a-1999 standard and the IEEE802.16e-2005 WiMAX standard. To some extent, EVM 
estimator can reduce the complexity of wireless communication systems. EVM that can offer insightful 
information on the various transmitter imperfections is a viable alternative test method when looking for a 
figure of merit in non-regenerative transmission links [5]. By utilizing the mathematical relation between 
EVM and SNR, EVM estimator can relatively accurately estimate the SNR of MPSK or MQAM signals 
in complex AWGN or multipath fading channel. 
EVM can be accurately measured over DA or NDA. However, if EVM is factually measured over 
NDA, the received signals (including noise) need to be modulated again as the same as the transmitter to 
estimate the transmitted signals. What’s worse, they also need to be recoding when the demodulator and 
decoder are operated in soft-decision type in order to improve the system performance (especially 
reducing the bit error ratio). Thus, there are some great limits in applying the NDA EVM estimator when 
the system utilizes some complex coding types that need soft-decision. 
In this paper, EVM is measured over DA to estimate SNR by utilizing the relation between EVM and 
SNR. Preamble are recommended and utilized in EVM estimator. Further, in order to let the received 
signals not be modulated again as the same as the transmitter, we consider utilizing some special 
sequences as the preamble that need no coding or modulation. In other words, the special sequences need 
to be not real sequences but complex sequences. And then Zadoff-Chu (ZC) sequence [6] that meets the 
above condition perfectly is considered to be utilized as the preamble to estimate the SNR. Numerical 
results show that the performance of the adopted EVM estimator is independent on the coding and 
modulation types but only dependent on the preamble’s length or types, and it can accurately estimate the 
SNR even when the preamble is very short and the SNR level is low. 
2. System Model and Derivation 
2.1. Signal Model 
Let ( )x n and ( )y n denote the nth ideally transmitted and factually received baseband complex symbols 
in the preamble respectively, where 1,...,n N= . We assume that the baseband preamble x is transmitted 
over a wireless channel with a channel impulse response, h . Besides, the received preamble is corrupted 
by complex AWGN, ω .
Therefore, we can get the expression of the nth received baseband preamble symbol as follows 
( ) ( ) ( ) ( )y n x n h n nω= ∗ +                                                                                                                   (1)
where ( ) ( )x n h n∗  denotes the convolution between ( )x n and ( )h n , and ( )nω are complex AWGN 
samples with power spectral density of 0 2N .
In this paper, we currently consider the model for the detected signal where the additive noise is the 
dominant degradation source and ( ) 1h n ≈ . Thus, (1) is reduced to 
575Xiuhua Li et al. / Procedia Engineering 29 (2012) 573 – 578 i  i et l. / r ce i  i eeri  00 ( 1) 000–000  
( ) ( ) ( )y n x n nω= +                                                                                                                              (2)
2.2. Frame Structure 
In a practical wireless communication system, transmission is normally organized in frames. Typical 
frame structure is shown in Fig. 1 where the sequence of data symbols is preceded by the preamble of 
known data that can be utilized for the synchronization or channel estimation purposes [7]. 
Fig. 1. Frame structure 
We consider general model of frame structure composed of one preamble that contains N complex 
symbols. 
2.3. Preamble Sequence’s Composition  
In the paper, ZC sequence is utilized as the preamble, which is of constant modulus and has perfect 
auto correlation and cross correlation [6]. 
ZC sequence can be expressed as follows 
( ) exp{j ( )}u ua n nβ=                                                                                                                          (3)
2
0
0
/
( )
( 1) /
u
n N qn N for even
n
n n N qn N for odd
π δβ π δ
⎧ + +⎪= ⎨ + + +⎪⎩
                                                                                  (4)
where N is the length of the sequence, u is the serial number which is coprime to N , q  is an integer , 0δ
is a constant and 0,1, 1n N= −L . The index has a quadratic in (4), so ZC sequence is similar to linear 
frequency modulated (LFM) signal and then it is a kind of Chirp-Like signals [8]. 
In the paper, let 0q = , 0 0δ = , 1u = , then according to (3) and (4), the nth ideally transmitted 
preamble symbol can be expressed as follows 
2exp{ ( 1) / }
( )
exp{ ( 1) / }
j n N N for even
x n
j n n N N for odd
π
π
⎧ −= ⎨ −⎩
                                                                                      (5)
where 1,n N= L .
From (5), it is visible that ZC sequence is of constant modulus and it is complex sequence that does not 
need coding or modulation. 
2.4. EVM
For the DA EVM estimator, EVM can be defined as the root-mean-squared (RMS) value of  the 
difference between the ideally transmitted symbols and the factually received symbols[5] ,which can be 
expressed as follows as 
2
0
[| ( ) ( ) | ]r t
RMS
E Y n X n
EVM
P
−=                                                                                                      (6) 
where [ ]E X  denotes the expected value of X . ( )rY n  is the normalized factually received nth symbol, 
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( )tX n is ideally transmitted nth symbol which is equal to ( )x n , and 0P is either the maximum normalized 
ideally transmitting symbol power or the average power of all symbols for the chosen modulation. Further, 
for M-order modulation signal, 0P can be represented as follows 
2
0
1
1 M
m
m
P X
M =
= ∑                                                                                                                            (7)
where mX is the complex value of the modulation symbol. 
If the measured symbols’ length N is large enough, the numerator in (6) can be approximated as 
follows  
2 2 2
1 1
1 1
[| ( ) ( ) | ] | ( ) ( ) | | ( ) ( ) |
N N
r t r t
n n
E Y n X n Y n X n y n x n
N N= =
− ≈ − = −∑ ∑                                      (8)
By substituting (2) into (8), then we can rewrite (8) as follows 
2 2
0
1
1
[| ( ) ( ) | ] | ( ) |
N
r t
n
E Y n X n n N
N
ω
=
− ≈ =∑                                                                                          (9)
Thus, on the condition that the EVM is measured over a respectively large number of symbols, the 
mathematical relation between EVM and SNR can be expressed as 
0
0
1
RMS
N
EVM
P SNR
≈ =                                                                                                               (10) 
Though the EVM value is normalized with the average symbol energy, it still depends on the 
modulation order greatly. And with higher order modulation, the EVM value is less insightful and 
accurate. In this paper, the recommended and adopted preamble that needs no coding or modulation can 
preclude the case. 
Fig. 2. Baseband-equivalent system model 
Then SNR can be accurately estimated according to the obtained mathematical relation in (10) by 
utilizing Zadoff-Chu sequence as the preamble. 
2.5. Baseband-equivalent System Model 
In this paper, we consider the complex, discrete and baseband-equivalent system model in complex 
AWGN channel illustrated in Fig.2. And perfect carrier and symbol timing recovery are assumed. 
In the transmitter, source is coded and modulated for data symbols. Then the ideal preamble and data 
symbols are assembled as Fig.1 in frames to transmit over the complex AWGN channel. 
In the receiver, the preamble and data symbols are disassembled perfectly from the factually receiving 
frames. The factually received preamble is compared with the ideally transmitted preamble to estimate the 
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SNR with the recommended and adopted EVM estimator while the received data symbols is demodulated 
and decoded for sink. 
3. Simulation Results and Discussion 
In the section, EVM estimator is compared with ML estimator, where the ML-estimated SNR is 
computed as [4, 5] 
 
2
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2 2
1 1
1
[ ( ( ) ( ) ( ) ( ))]
1 1
| ( ) | [ ( ( ) ( ) ( ) ( ))]
N
R R I I
n
ML N N
R R I I
n n
y n x n y n x n
N
SNR
y n y n x n y n x n
N N
=
= =
+
=
− +
∑
∑ ∑
                                                 (11)
where ( )Ry n , ( )Iy n , ( )Rx n and ( )Ix n denote the real part and imaginary part of the nth received and 
transmitted preamble symbol respectively. 
We examine the relative bias normalized to true SNR (in dB) and the normalized root mean square 
error (NRMSE, normalized with respect to true SNR) of estimator  SNR  by using numerical examples, 
where the bias is expressed as follows 
 | |SNR SNR
SNR
μ −=                                                                                                                            (12)
and the NRMSE is expressed as follows 
  2
2
[( ) ]E SNR SNR
SNR
ε −=                                                                                                                      (13)
Consider the cases when the preamble sequence is short such as 10,50N =  and it is long such as 
100,500N = , and the estimated and computed frames’ number is 100  in every SNR level. 
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Fig. 3 The biases normalized to true SNR                                           Fig. 4 The normalized root mean square errors
Fig. 3 and Fig. 4 compare the performances of EVM estimator and ML estimator where we utilize ZC 
sequence as the preamble that has different length. As expected, the performance has greatly improved for 
larger N  regardless of the SNR level. In addition, both the bias normalized to true SNR and the NRMSE 
decrease as the SNR increases. Further, at SNR values less than about 5.0 dB, the rate of their decrease is 
much larger than that at SNR values more than about 5.0 dB, that is, these two estimators has worse 
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performance in low SNR level than that in high SNR level. 
From Fig. 3, the bias of EVM estimator is much less than that of ML estimator. And the difference of 
their biases decreases as the measured preamble’ length N increases. Even though N  is small as 10, 
EVM estimator has small bias and high accuracy. It is also shown from Fig. 4 that even though the length 
N  increases, the NRMSE of EVM estimator is also less than that of ML estimator when 
0.0dB 15.0dBSNR≤ ≤ , while they are nearly equal when 15.0dB 35.0dBSNR≤ ≤ .
According to the above analysis and comparison of the performance of data-aided EVM estimator and 
ML estimator where ZC sequence is utilized as the preamble, the former has less normalized bias and 
NRMSE estimated, that is, it has visible advantages over the latter. 
4. Conclusion 
A data-aided EVM estimator for SNR utilizing Zadoff-Chu sequence as preamble has been 
recommended and adopted. It is independent on the types of modulation and coding and only dependent 
on the preamble’s length and types. Its performance has been examined and compared with ML estimator. 
Numerical results have shown that the recommended and adopted estimator has higher accuracy than ML 
estimator for most values of SNR considered. 
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